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ABSTRACT

We presenta practicalandgeneral-purposeapproachto large and
complex visual dataanalysiswherevisualizationprocessing,ren-
dering and subsequenthumaninterpretationis constrainedto the
subsetof data deemedinterestingby the user. In many scien-
ti�c dataanalysisapplications,“interesting” datacan be de�ned
by compoundBooleanrangequeriesof the form (temperature >
1000) AND (70 < pressure < 90). As datasizesgrow larger, a
centralchallengeis to answersuchqueriesasef�ciently aspossible.
Prior work in thevisualizationcommunityhasfocusedon answer-
ing rangequeriesfor scalar�elds within thecontext of accelerating
thesearchphaseof isosurfacealgorithms.In contrast,ourwork de-
scribesanapproachthatleveragesstate-of-the-artindexing technol-
ogyfromthescienti�c datamanagementcommunitycalled“bitmap
indexing.” Our implementation,which we call “DEX” (short for
dextrousdataexplorer),usesbitmapindexing to ef�ciently answer
multivariate,multidimensionaldataqueriesto provide input to a
visualizationpipeline.Wepresentananalysisoverview andbench-
mark resultsthat show bitmap indexing offers signi�cant storage
and performanceimprovementswhen comparedto previous ap-
proachesfor acceleratingthesearchphaseof isosurfacealgorithms.
More importantly, sincebitmapindexing supportscomplex multi-
dimensional,multivariaterangequeries,it is moregenerallyappli-
cableto scienti�c datavisualizationandanalysisproblems.In ad-
dition to benchmarkperformanceandanalysis,we applyDEX to a
typical scienti�c visualizationproblemencounteredin combustion
simulationdataanalysis.

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—GraphicsdatastructuresanddatatypesH.3.3[Infor-
mationSystems]:InformationStorageandRetrieval—Information
Filtering

Keywords: query-driven visualization,visual analytics,bitmap
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1 I NTRODUCTI ON

Many applicationscientistsattendinga recentseriesof workshops
held by the Scienti�c Data Managementcommunity1have stated
that information managementand analysisis a limiting factor in
scienti�c research.Simply put, thereis too muchdatato analyze
or visualize. Our work is motivatedby the desireto provide new
capabilitiesto meetthe“largedata”challenge.Our work diverges
from previous efforts in large- and complex-datavisualizationin
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that we combinestate-of-the-artscienti�c datamanagementtech-
nologywith visualizationtoolsto implementamethodologyknown
as“query-driven visualization.” The fundamentalpremiseof our
work is to focusvisualizationprocessingandsubsequentvisual in-
terpretationonly on datadeemedto be “interesting”asde�ned by
the userand to usestate-of-the-arttechnologyfrom the scienti�c
datamanagementcommunityto implementthedataqueryportion
of theprocessingpipeline.

Oneof thesigni�cant challengesfrom the�eld of datamanage-
mentis datasearching.Many approacheshave beenusedover the
years,rangingfrom well-known constructslike B-treesto complex
indexing techniques.Thevisualizationcommunityhastackledthis
problemaswell, notablyin thetopicof isosurfaceacceleration.The
mainthrustof many isosurfacepapersduringthelastdecadeis how
to morequickly �nd cellsintersectingtheisosurface([9], [10], [17],
[27]). While theseapproacheswork well for single-valuedsearch
criteria,we usea methodologythatoffersa capabilitynot possible
with isosurfaceaccelerationtechniques,namelythe ability to per-
form complex multidimensional,multivariatequeriesaspartof the
visualizationandanalysisprocessandin a fashionthatis generally
applicableto awidevarietyof applications.

To ef�ciently answercomplex dataqueries,weturn to thescien-
ti�c datamanagementcommunity. We leveragean indexing tech-
nology known as“bitmap indexing.” This approachis moregen-
eralthanpreviousworksdescribingisosurfaceaccelerationfor two
primary reasons.First, the queriesthemselves may be complex,
multidimensionalandmultivariateratherthansingle-valued. Sec-
ond,theDEX architectureeffectively compartmentalizesthequery
phasefrom the analysis,visualizationandrenderingphases.The
result is a �e xible architecturethat is widely applicableto many
different typesof dataanalysisand visualizationproblems. This
approachis not entirely new, asFastBit hasbeenusedto provide
multidimensional,multivariate,large-scaledataquerycapabilities
to challenginganalysisproblemsposedby dataproducedby High
Energy Physicsexperiments[37].

Thereare two main contributions of this paper. First, we in-
troduceanarchitecturethatleveragesstate-of-the-artscienti�c data
managementsoftwareto performhighly ef�cient multivariatedata
queriesthat are usedas input to a generalvisualizationpipeline.
Our DEX implementationrealizesinteractive query-drivenvisual-
ization of complex datasetsproducedby contemporarycomputa-
tionalscience.Second,weprovideananalysisoverview andempir-
ical benchmarkresultsthatcompareour approachwith prior work.
Our benchmarkstudiesfocuson the dataqueryphaseof the iso-
surfacealgorithm: we comparetheperformanceof thedataquery
phaseof awell-known acceleratedisosurfacingalgorithmwith that
of the dataqueryphaseof DEX. The analysisindicatesthat DEX
has favorablestorageand computationalcomplexity when com-
paredto previous work. The experimentalresultsshow that DEX
outperformsthewell-known acceleratedisosurfacingalgorithmby
factorsrangingfrom 137% to 392% dependingupon the source
data.

1http://www-conf.slac.stanford.edu/dmw2004



The restof this paperis organizedasfollows. In the next sec-
tion, we discussprevious work in several topics germaneto the
overall themeof thispaper. In Section3 wepresenttheDEX archi-
tecturealongwith a discussionof storageandperformancecom-
plexity. Our experimentalresultsfollow in Section4, wherewe
provideadetaileddescriptionof thebenchmarkusedto obtainper-
formancepro�les of DEX andawell-known acceleratedisosurface
implementation.We concludewith discussionandsuggestionsfor
potentialfutureresearch.

2 REL ATED WORK

In the following subsections,we review previous researchin sev-
eralareasgermaneto query-drivenvisualizationof largeandcom-
plex data. Previous large-datavisualizationresearchtopics have
tendedto focusonscalabletechniquesthatincreasethecapacityof
thevisualizationpipelineratherthanto reducetheamountof “non-
interesting”datathat mustbe visually interpreted.Previous work
in the �eld of query-driven visualizationhasfocusedon presenta-
tion andoptimal implementationstrategies. The relatedemerging
�eld of Visual Analytics is predicateduponthe ability to �nd and
display“interestingdata.” Previouswork in isosurfaceacceleration
includesnumeroustechniquesto moreef�ciently locatecells that
intersectan isosurface. Bitmap indexing is a technologyfor per-
forming rapidsearcheswithin datasets.

2.1 Lar geand ComplexData Visualization

In responseto increaseddata resolution, a numberof research
projectshave focusedon techniquesfor increasingthecapacityof
a visualizationpipelinethroughparallelism,or scalablevisualiza-
tion. VisIt [16] andParaView [1] aretwo examplesof scalableap-
plicationsthat usea parallelandpipelinedarchitectureto support
visualizationof largedatasetsonparallelplatforms.They represent
a smallsampleof theenormousbodyof scalablevisualizationand
renderingresearchfrom thepasttwo decades.Theaimof theseap-
plications,andsimilar researchefforts, is to addressthe largedata
challengeby bringing moreresourcesto bearon the visualization
problem.While they areeffective in thatregard,they alsoincrease
theprocessingloadon thehumanobserver, anddo not necessarily
aid in theunderstandingof largeandcomplex datasets.

Otherapproachesaim to reducethedownstreamprocessingand
visual interpretationloadby limiting theamountof datapresented
to the visualizationpipeline. The datasimpli�cation approachin
[28] acceleratesvisualizationby focusingprocessingonly on data
at the boundariesbetweentwo materials. Otherexamplescanbe
foundin themyriadapproachesto automaticfeaturedetectionand
data-miningapproaches[25,19]. Theseapproachesaremostappli-
cableto con�rm thepresenceor absenceof known phenomena.The
opportunitycost is the lost possiblity of discovering unexpected
featuresin thedatanotsavedto disk.

2.2 Query-Dri venVisualization

The ideaof query-driven visualizationis not new. Like our work
here,previousworks in query-drivenvisualizationhave theaim of
highlightingdatathatauserde�nesas“interesting.”

The VisDB systemdescribedin [15] couplesa guidedquery-
formulation facility with a relevance-basedvisualizationandpre-
sentationparadigm. All datain a given datasetis examinedand
ranked in terms of its relevance to each query. The result is
O(n) memoryandprocessingcomplexity for eachandeveryquery.
VisDB aimsto reducethe amountof datathat is displayedby us-
ing asetof statisticalheuristicsto selectthedatamostrelevantto a
query. It usesa “relevancefactor” to place“similar data”closeto-
getherduringrenderingto producethevisualappearanceof “clus-

bitmapindex
RID I =0 =1 =2 =3

1 0 1 0 0 0
2 1 0 1 0 0
3 3 0 0 0 1
4 2 0 0 1 0
5 3 0 0 0 1

b1 b2 b3 b4

Figure 1: A sample bitmap index where RID is the record ID and I is
the integer attribute with values in the range of 0 to 3.

ters.” It appearsto beparticularlywell-suitedfor usewith qualita-
tiveand“fuzzy” queries.

More recently, theScoutsoftwaresystemdescribedin [20] pro-
videstheability to performexpression-basedqueriesusinga sim-
ple programminglanguagealong with visualization,whereboth
queriesandvisualizationareexecutedentirelyonaGPU.TheScout
program,which is realized(compiled)asfragmentassembler, op-
erateson sourcedatathat is loadedasan OpenGLtexture on the
GPU.Theprogram(fragmentassembler)is executedduringrender-
ing: two-dimensionaldatais renderedasasinglequadrilateral,and
three-dimensionaldatais renderedasview-alignedslicesin back-
to-front orderasdirectvolumerendering.As described,Scoutop-
eratesonly on 2D or 3D regular grid structures,and its capacity
is limited by the amountof datathat canbe �t entirely into GPU
texture memory. The computationalcomplexity of Scout's query-
driven visualizationappearsto be O(n), aseachdatacell mustbe
examinedin answeringthe query. However, sincen is small due
to theGPUmemoryfootprint andtheGPUsupportsconcurrentsi-
multaneousexecution,Scoutexhibits excellentperformancechar-
acteristics.

In bothof thesecases,thedataqueryphaseis of O(n) complex-
ity, andis alsoinextricably embeddedwithin a visualizationappli-
cation. The searchresultsin VisDB, which arein effect a ranked
orderingof the entiredatasetaccordingto a relevancefactor, are
thenusedasinput to a setof subsettingtools that usestatisticsto
partition therankedsearchresults.Thesearchresultsin Scoutare
thepixel fragmentsthatultimatelyappearon-screen.

The term “visual analytics” hasbeencoinedto describea set
of activities thatadddiscourseanddynamicinteractionto thepro-
cessof analysisandvisualization. Recentprogressin theseareas
spansa diversityof topics,rangingfrom moreeffective meansfor
displayingcomplex andmultidimensionaldata[15, 24, 26], novel
approachesfor interactionthat aid in navigating throughcomplex
informationspaces[32,14], andaclassof applicationsthatencom-
passbothvisualizationandanalysis[12]. Arguably, acentraltheme
of theseworksis to aid in discoveryby reducingvisualcomplexity
by conveying only thatinformationof interestto aparticularline of
inquiry.

2.3 Bitmap Indices

Bitmap indicesareef�cient index datastructuresfor accelerating
multi-dimensionalrangequeriesfor read-onlyor read-mostlydata
[22, 36]. Givenn recordswith c distinctattributevalues,thebasic
bitmapindex [8] generatesc bitmapswith n bits each. A bit in a
bitmapis setto 1 if theattributein therecordis of a speci�c value,
otherwisethe bit is set to 0. For example,the integer attribute I
shown in Figure1 canbeoneof four distinctvalues,0, 1, 2, and3.
For eachvalueonebitmapis generated.Sincethevaluein record5
is 3, the�fth bit in b4 is setto 1 andthesamebits in otherbitmaps
are0.

Bitmap indices are ef�cient for processingmultidimensional
rangequeriessuchas“ I < 2 andJ > 3”. The queriesareevalu-
atedwith bitwiselogicaloperationsthatarewell-supportedby com-



puterhardware.Multidimensionalandmultivariatequeriesaresim-
ply linear combinationsof single-valuedqueries.For this reason,
bitmapindexing doesnot suffer from the “Curseof Dimensional-
ity” [5] in which addingmoredimensionsresultsin anexponential
growth in storageandprocessingrequirements.Sucharecharacter-
istics commonlyassociatedwith tree-basedmethodsfor indexing
andsearching.

Oneconcernwith any indexing strategy is the storagecost for
the index itself. One way to reducethe storagerequirementfor
bitmapindicesis via compression.An ef�cient bitmapcompres-
sionschememustreducethesizeof bitmapsaswell asef�ciently
performbitwise Booleanoperations.Several bitmapcompression
methodswere studiedin [2, 13]. The authorsdemonstratedthat
the Byte-alignedBitmap Code(BBC) [3, 4] shows the bestover-
all performancecharacteristics. More recently, [36] introduced
a new compressionmethodcalledWord-AlignedHybrid (WAH).
[36] shows thetime requiredto answera rangequeryusinga com-
pressedbitmapindex to beoptimal,wheretheworstcaseresponse
time is proportionalto thenumberof hits returnedby thequery.

Traditional bitmap indicesencodeeachdistinct attribute value
asonebitmapvector, which is very ef�cient for dataof low car-
dinality. Scienti�c data,however, is typically of high cardinality
and representedin �oating point format. [31] demonstratesthat
bitmapindiceswith binningcansigni�cantly speedupmultidimen-
sionalqueriesfor high-cardinalityattributes. Ratherthanencode
eachdistinct attribute value, bitmap indiceswith binning encode
attributeranges.FastBitsupportstwo differentbinningstrategies–
equidepthbinningandequiwidthbinning.Theequidepthapproach
selectsbin sizesin amannerthatensuresthatnearlythesamenum-
berof itemsendup in eachbin. (Note: An analogyis “histogram
equalization,” whichemploysamonotonic,non-linearmappingthat
reassignstheintensityvaluesof pixelsin theinput imagesuchthat
theoutputimagecontainsauniformdistributionof intensities.)The
equiwidthapproachsimply subdividestherangeof thedatasetinto
a �x ed numberof bins. [31] shows that binning is very effective
for high-cardinalityattributes,including doubleprecision�oating
point data,andtheperformanceis insensitive to thequeryspeci�-
cation.

2.4 Isosurfaces

Thecanonicalisosurfacealgorithmconsistsof two broadprocess-
ing steps:�rst, �nd cells thatcontaintheisosurface,andthengen-
erategeometryfor thesurfacepassingthroughthecell. Generally
speaking,theevolution of isosurfacealgorithmsover thepasttwo
decadeshasfocusedonimproving performanceof thesearchphase:
asdatagrowslarger, thecostof searchingcellsto �nd thosethatin-
tersectthesurfacedominatesthecomplexity term.

An earlyimplementationis theMarchingCubesalgorithm[18].
It exhibits O(n) complexity in thesearchphaseasit mustexamine
everycell in thedatasetto determineif thecell intersectstheisosur-
face.Interval-treeindexing structurescanhelpacceleratethesearch
process. One such implementation,basedon an octreeand de-
scribedin [34] acceleratesthesearchphaseby eliminatingbranches
that do not containany cells intersectingthe isosurface. Suchap-
proachesaresusceptibleto worst-casecomplexity whenthesource
datais noisy or containssmall-scale�uctuations. The complexity
of theoctreeapproachwaslateranalyzedin [17] andfoundto have
complexity O(k+ klog(n=k)) wheren is thesizeof thedatasetand
k is the numberof cells that intersectthe isosurface. Span-space
searches,analternative to interval-trees,asdescribedin [17] result
in O(

p
n+ k) complexity by usingk-d trees[6] to quickly locate

cellsthat intersecttheisosurface.[27] furtherimproveson this ba-
sic ideaby usinga 2D regular lattice of tunableresolutionrather
thana k-d tree in the searchphase.This approachwasshown to
lend itself well to effective loadbalancingin a parallelimplemen-
tation. [9] describesa two-level, out-of-coreapproachto accelerate

isosurfaceextractionthatis basedon theideasof interval treesand
spatialpartitioning/clusteringthatis amenableto ef�cient I/O.

Noneof thesesearchalgorithmswould beeffective for thetype
of multidimensional,multivariatequeriesneededfor query-driven
visualization. Nor do any appearto be well suitedfor usewith
dynamic(e.g., streaming)datasources. One of the key features
of our approachis theability to supportmultidimensionalfeature-
basedsearchesfor interactive re�nementof featurevaluessuchas
temperatureor pressure.

3 DEX ARCHI TECTURE

TheDEX implementationconsistsof four broadprocessingphases.
First, we create index structureslater used to acceleratedata
searches.Oncetheindex structuresareconstructed,they arereused
andtheir constructioncostamortizedacrossmany dataqueries,or
index searches.Second,an index searchingphaseusesthe index
structuresto quickly �nd datathat satis�es user-speci�ed search
criteria. Third, the searchresults(datacells) are organizedinto
connectedspatialregionsin aprocessingoperationwereferto here
as“region growing.” In practice,thedatacellsproducedfrom the
initial queryor theconnectedregionsarethenpassedalongto the
fourth stage,which is visualizationand rendering. In the imple-
mentationwe presenthere, the connectedregions are then con-
verteddirectly to geometryfor direct renderingusinga cuberille-
style presentation[23]. Generallyspeaking,the resultsfrom the
index searchingphasemaybeusedasinput to codesthatperform
analysisor othertypesof visualizationor rendering.

3.1 Index Construction

In thecontext of thispaper, therearetwo primaryfactorsof concern
with respectto constructingtheindex structuresusedto accelerate
dataqueries:thecomputationalcomplexity of the index construc-
tion algorithmandthestoragerequirementsof theresultingindex.

In thecaseof bitmapindices,theindex constructionsteprequires
that eachdatavalue be examinedand the correspondingbitmap
codeappendedto thebitmapindex structure.Theresultis of O(n)
computationalcomplexity. In contrast,tree-basedmethodsin gen-
eral requireeithera completesortso that insertionsareperformed
in linear time, or they performa sortedinsertioninto a tree-based
index structurefor eachdatapoint. Either approachresultsin a
complexity of O(nlogn), which is consistentwith resultsreported
by otherswho have acceleratedisosurfaceextractionusingspan-
spaceindexing structures([27], [17], [9], [10]). Sinceno inser-
tions, sortsor tree rebalancingoperationsare are neededto con-
structbitmapindices,they areparticularlyattractiveasthevalueof
n increases.Similarly, bitmapindicesareparticularlywell suited
for usein streaming(append)andout-of-coreoperations.

A completediscussionof the storagerequirementsfor bitmap
indicesaswell asa comparisonwith tree-basedmethodsis beyond
thescopeof this paper. Theultimatesizeof any indexing structure
is highly dependentuponthecharacteristicsof theunderlyingdata.
Nonetheless,previous studies([35], [36]) prove that in the worst
casefor adatasetof n values,theupperboundin sizeof thebitmap
index is 2n words.In contrast,theupperboundworstcasefor tree-
basedstructures(B-trees,octrees,quad-trees,etc.) is expectedto
be O(nlogk n) in theory, andhasbeenobserved to be about4n in
practiceasthe logarithmic basek increasesto re�ect a large data
pagesize[36].

3.2 Index Searching

Oncethe searchdatastructures(bitmap indices)have beencon-
structed,thenext phaseof processingis to �nd datacellsthatful�ll



searchcriteriaandpreparetheresultsfor ef�cient downstreampro-
cessing. The primary strengthsof the bitmap indexing approach
are: (1) its low computationaland storagecomplexity, and (2)
its ability to ef�ciently answercomplex, multidimensionalrange
queriesin time complexity proportionalto thenumberof itemsre-
turnedby the query. The DEX implementationpresentsthe user
with a GUI that facilitatesthe compositionof a query, andis de-
scribedin moredetailin [29]. BehindtheGUI, theFastBitsoftware
performsdataqueriesin worst-caseO(k) complexity, wherek is the
numberof cellsthatmatchthesearchcriteria[36].

For convenienceof lateroperations,we convert thecompressed
bitmap generatedby indexing operationsinto a list of blocks in
space,whereeachblock representsa seriesof cells thatwerecon-
secutivein thebitmaprepresentation.For datafrom 3D space,there
arethreetypesof blocksthatcanbegeneratedfrom a compressed
bitmap: a line segmentof connectedcells; a groupof connected
lines;andagroupof connectedplanes.Eachof theseblocksof cells
representsa setof consecutive bits thatare1. Thesebits aretypi-
cally representedin averycompactform in thecompressedbitmap.
Therefore,thespaceoccupiedby thecompressedbitmapis propor-
tional to the numberof blocksproduced. If only oneattribute is
involved in the query, the total sizeof all bitmapsinvolved in an-
sweringthequeryis alsoaboutthesizeof theresultingbitmap[36].
Theprocessof convertingaconsecutivegroupof 1sto ablocktakes
a constantnumberof machineinstructions,thereforeconverting a
word-alignedhybrid (WAH) compressedbitmapto a list of blocks
scaleslinearlywith thenumberof blocks[36].

3.3 RegionGrowing

Next, we take the blocksreturnedby the index searchandgroup
them into arbitrarily shapedconnectedregions, a processwe re-
fer hereto as“region growing.” Our basicapproachis to identify
blocksthat belongto the sameregion usingan algorithmthat has
anorderof complexity thatis sublinearwith thenumberof blocks.
Blocks are consideredneighborsif they shareany face,edgeor
corner(26-connectedneighbors).Uniqueregionsidenti�ed via the
region growing processarethenassigneda uniquelabel. This type
of approachoperateswell regardlessof the resultingconcavity or
convexity of theresultinggrown region.

Figure 2: Blocks in space with three spatial dimensions.

A typical representationof blocksin a spacewith threespatial
dimensionsis shown in Figure2. The region growing algorithm
stepsthroughtheseblocksandlabelstheregionsthatareconnected.

In thisexample,therearethreeregionsthatarelabeledfrom 1 to 3.
See[30] for details.

3.4 GeometryConstruction

FastBitusesaverycompactmechanismfor presentingthecellsthat
matchaqueryexpressionin theform of a list of blocks.Theblocks
are 3D boundingbox coordinatesfor the regions that matchthe
query, andcover theentireselectedspace.While this approachof-
fersacompactrepresentationfor identifyingtheselection,it cannot
be usedin the visualizationpipeline becauseneighboringblocks
will be topologically disjoint unlessthe cornersof the bounding
boxesarecoincident.Thecell-centereddatavaluesassociatedwith
theselectioncannotbemappedontosucha disjoint topologyin a
mannerthat can be usedby later stagesof the visualizationpro-
cessingpipeline. Therefore,we convert the list of blocks into an
unstructured�nite elementmeshthat representsthe outerhull of
theselection.The latterconversionis usefulfor simply represent-
ing theouterhulls without gapsbetweenneighboringmeshpoints.
The former is usefulfor passingthe cells that matchthe selection
to othervisualizationalgorithms.For example,onemay�rst subset
cellsbasedupontheCH4 concentration,thendoavolumerendering
of density only oncellswithin acertainrangeof CH4.

An examplevisualizationproducedby DEX is shown in Figure
3. It showsfour differentuserqueriesof a typical interactiveanaly-
sisonacombustionsimulationdataset.It demonstrateshow datais
progressively interrogatedto focuson cells thatcontainproperties
of interest. In the �rst frame(a), the search�nds the areascon-
taining a high concentrationof CH4, a key ingredientneededfor
combustion (fuel). The secondframe (b) shows the areasin the
datasetwherethe temperatureis low indicatingareasthat areei-
therpre-or post-combustion.Thecomplex structuresin thecenter
show theturbulencein thecoolerfuel beforecombustion,whereas
the smootherareasat the top andbottomareoutsidethe ignition
zone. The third frame(c) shows how the querycanbe modi�ed
to reject low temperatureareasthat are outsidethe region where
CH4 concentrationis high. It leavesonly thecomplex structuresof
thecoolerfuel in thecenterof thesimulationdomain,eliminating
the“uninteresting”dataat theouterboundaries.Thelastframe(d)
shows how thesearchis progressively re�ned to winnow in on the
“interesting”data.

3.5 Multir esolutionSupport

In somecases,the numberof datavaluesreturnedby a querycan
exceedtheavailableprocessingresources.For this reason,FastBit
supportsa strategy for returningqueryresultsat differentlevelsof
resolution.FastBit canencodethe indicesfor a hierarchy of reso-
lutions – eachrepresentinga coarserdownsampledversionof the
originaldata.Whenaqueryis performed,theapplicationcanspec-
ify a level of resolutionthatis desiredfor thereturnedresults.

Bitmap indices ef�ciently estimatethe number of cells that
wouldbereturnedby aquery. Theapplicationcanrequestanexact
countof thenumberof cellsthataquerywouldreturnbeforethelist
of blocksis generated.Given an accurateperformancemodelfor
pipelineprocessingof thecellsor renderingperformance,theesti-
mationinformationcanguideselectionof a level of resolutionthat
wouldstaywithin theresponsetimeor resourcebudgetspeci�edby
theuseror application.

Currently, thedownsampledversionsof thedatausea naive al-
gorithm that takesonecell out of a 2x2x2 clusterof cells for the
coarsenedgrid. Topologicaldetailcanbelost in thiskind of down-
samplingprocess. In the future we will considermultiresolution
samplingstrategiesthataddressconcernsabouttopologicalcorrect-
ness.



(a)CH4 > 0:3 (b) temp < 3

(c) CH4 > 0:3 AND
temp < 3

(d) CH4 > 0:3 AND
temp < 4

Figure 3: A visualization of a combustion analysis dataset displays
the cells selected by various user queries. The selected cells are
colorized by their region label that is assigned by a 3D region grow-
ing algorithm. The image is an example taken from the combustion
studies where the goal is to track the ignition kernel of a �ame .

4 EXPERI M ENTAL RESULTS

Thebenchmarkswe presentin this sectionareintendedto answer
two key questions.First, what is the costof constructingbitmap
indices?Second,how doesthedatasearchcapabilityof DEX com-
pareto a“standardimplementation”of anisosurfacealgorithmthat
usesaspan-spacetechniqueto acceleratedataqueries?

The sourcedatafor the benchmarksconsistsof a multivalued
combustion simulation datasetcontainingabout 56 million data
pointsfromagrid thatis3833 in resolutionand38variablespergrid
cell [33]. While we have accessto muchlargerdatasets,we chose
this resolutionso that both DEX andVTK' s AcceleratedMarch-
ing Cubesalgorithmwould run completelyin-core,andeliminate
any issuesthatmight arisefrom memoryswapping.Thehardware
we usedfor thebenchmarksis a 2.8GhzP4machinewith 2GB of
RAM, andaSCSIRAID capableof 60MB/sin I/O bandwidth.

4.1 Index Construction

As previouslydiscussed,thesizeof any indexing structureis in�u-
encedby thequalitiesof theunderlyingdataaswell asthespeci�c
indexing scheme.For the purposesof this experiment,we wrote
a standaloneapplicationthat readsall datavaluesfor a given �eld
into memory, performsthe indexing, thenwrites the index out to
a �le. This processingstepneedbeperformedonly once,andthe
resultingindex is usedasinput only to thedataquerystageof pro-
cessing.Notethatthedataquerystageof processingproducesdata
cells thatarethenpassedalongto downstreamanalysis,visualiza-

Variable Index Size(MB) Index SizeFactor Time (sec)
pressure 77.59 0.36 7.47
density 128.70 .60 8.56
temp 124.93 .58 8.76

x velocity 247.49 1.15 13.30
H2O 263.64 1.23 13.04
CH4 314.88 1.46 13.49

Table 1: The table above shows the time and storage requirements
for the Index Construction portion of processing. The size of each
input variable is 214.31MB, which is the space requirement for an
uncompressed 3833 grid of 4-byte �oating point values. The time
column indicates the number of elapsed seconds required to create
the bitmap index from the original data �eld.

tion andrenderingmodules.
Table1 lists thesizeof theoriginaldata�eld, thesizeof thecor-

respondingbitmapindex, andthe lengthof time requiredto con-
struct the bitmapindex from the sourcedatafor a randomsubset
of the38 simulationvariables.Eachbitmapindex consistsof 100
range-encodedbins compressedwith WAH [36]. The sizeof the
index for eachgiven�eld variesasafunctionof thesourcedata.At
thelow end,the pressure index is 36%thesizeof theoriginaldata,
while at thehigh end,theCH4 index is 146%thesizeof theorig-
inal data.For theseexperiments,we werenot ableto measurethe
sizeof thespan-spacetreeVTK constructsto accelerateits isosur-
facealgorithm.Tree-basedstructures,however, areknown to have
O(nlogk n) storagerequirements.

4.2 Data Search PerformanceAnalysis

Weconstructedabenchmarkthatis intendedto measuretheperfor-
manceof thedatasearchphaseof DEX with thatof VTK' s Accel-
eratedMarchingCubesimplementation,which usesa span-space
techniqueto acceleratedatasearchoperations.Ideally, we would
measureandreport the time requiredfor the cell searchphaseto
compareonly the searchcapabilitiesof bitmapindexing with that
of a span-spacesearchalgorithm.Dueto thedetailsof how anap-
plicationcanuseVTK' salgorithm,suchanexactcomparisonis not
possible.Therefore,theseriesof resultsthatfollow includetimings
for two stagesof processing:(1) thetime requiredto �nd cellsthat
intersecttheisosurface(VTK) or meetgivensearchcriteria(DEX),
and(2) thetimerequiredto generateisosurfacetrianglesfrom each
cell containingtheisosurface(VTK) or to generatea �nite-element
hexahedronfrom thecell satisfyingthesearchcriteria(DEX).

For the �rst stage– �nding cells that meeta searchcriteria –
VTK andDEX areperformingsimilar but slightly differenttasks.
VTK is usinga span-spacealgorithmto �nd cellsthat intersectthe
isosurface. This correspondsto an== operationin thesensethat
the search�nds all cells that containthe isosurface. In contrast,
DEX is performinga < = searchoperation,which effectively �nds
all datapointsthat lie insidethe isosurface,not just thosecellson
the surface. In the �rst stageof processing,our benchmarkgives
VTK anadvantagein thatDEX producesmoreoutputdueto differ-
ent searchcriteria. Span-spacesearchesreturncells basedupona
min/maxencodingsin thesearchstructure,whereasFastBitreturns
datapointsbaseduponrangequeries.

For thesecondstage– generatingisosurfacegeometryfrom cells
thatmeetthesearchcriteria– VTK andDEX again areperforming
somewhat different tasks. For eachcell that intersectsthe isosur-
face,VTK producestrianglesthat representthe isosurfaceinter-
sectingthe cell. We estimatethat approximately2.5 trianglesare
generatedper cell [7]. In contrast,DEX is producinga �nite ele-
menthexahedronfor eachcell consistingof 12triangles.BothVTK
andDEX aredoingO(k) work in thisstageof processing,but DEX
is generatingmoreabsolutegeometryper cell thanVTK, aswell



generatinggeometryfor a volumeof cells ratherthanfor cells on
thesurfaceof theisosurface.

For thebenchmark,we performeddataextractionandgeoemtry
generationoverthirty differentisovaluesevenlydistributedoverthe
rangeof thedomainspacefor aparticulardata�eld. Weperformed
this testover threedifferent �elds: density, H2O, andx velocity.
Theexecutiontimesfor thesequeriesfor bothDEX andVTK are
shown in Figures4 to 6. Theresultsaresummarizedin Table2, and
indicatethat DEX is outperformingVTK by factorsrangingfrom
137%to 392%in taskconsistingof a searchphasefollowed by a
geometryproductionphase.

Figure 4: Performance comparison of VTK's Accelerated Marching
Cubes and DEX for attribute density.

Figure 5: Performance comparison of accelerated Marching Cubes
and DEX for attribute H2O.

Digging deeperinto the DEX pipeline, we measuredthe con-
tributionsfrom eachof the threestagesof processinginvolved in
producingoutput.Thesearereportedin Figures7 through9. These
stagesare (1) index searchingto locatethe cells that satisfy the
searchcriteria, (2) labeling the connectedregions, and (3) con-
structing�nite elementgeometryfor eachof theseregions.For the

Figure 6: Performance comparison of accelerated Marching Cubes
and DEX for attribute x velocity.

Algorithm Density H2O X velocity
Avg VTK time 9.22 7.36 6.79
Avg DEX time 2.35 5.34 3.32
DEX speedup 392% 137% 204%

Table 2: Summarizing the overall performance numbers from Figures
4 to 6, we see that the data searching and geometry construction
times for DEX are better than VTK's accelerated Marching Cubes
implementation by factors ranging from 137% to 392%.

attribute density, thesethreetime factorsareaboutequal. For the
attributesH2O andx velocity, the time for building the geometry
takesup mostof thetime,andis linearwith thenumberof cells in
theisovolume.Thetime for thebitmapindex searchandtheregion
labelingdependsonthedistributionof theattribute. In otherwords,
if the cells andregionsthat satisfya particularregion aredensely
packedin space,thecostof �nding thosecellsandlabelingthere-
gionis substantiallysublinear. Notethattheregionlabelingstepis a
featurenotcommonlyassociatedwith thedatasearchalgorithmsin
any of thepublishedisosurfaceaccelerationalgorithms,andre�ects
oneof theuniquecapabilitiesof usingtheFastBitbitmapindexing
implementation.

5 FUTURE WORK

Thework wehavedescribedillustrateshow state-of-the-artdatain-
dexing andsearchingtechnologyfrom thescienti�c datamanage-
mentcommunitycanbesuccessfullyleveragedto acceleratequery-
driven visualization. As a resultof this initial effort, we envision
further researchanddevelopmentalonga numberof differentav-
enues.

² Incorporationinto MainstreamVisualizationTools: Thecapa-
bilities of fastbitmapindicesneednotbemaroonedin astan-
daloneresearchprototypelike DEX. We alreadyhave work
underway that will result in thesecapabilitiesbeing an in-
tegral part of mainstreamvisualizationapplications.This is
importantfor it representsa transitionof researchtechnology
into thehandsof scientistswith challengingdataanalysisand
visualizationproblems.

² Search EstimationandMultiresolutionQueries: anill-formed
query can potentially return “all of the data.” To help pre-



Figure 7: Various time factors of DEX pipeline for attribute density.

Figure 8: Various time factors of DEX pipeline for attribute H2O.

vent downstreamsaturation,we cantake advantageof Fast-
Bit' s ability to quickly generateanestimateof thenumberof
cells that will satisfya multidimensional,multivariaterange
queryto requestreduced-resolutionsearches.

² Topology-PreservingMultiresolutionQueries: An early pro-
totype (not discussedin this paper)createsmultiresolution
datahierarchiesusingsimplesubsamplingof data. A better
approachis to modify themethodsfor developingmultireso-
lution indicessothatif anyof thecellsthatarecontainedby a
coarsenedcell meetthequeryrequirements,the�ner cell will
be selected.This approachensuresthat featuresthat would
otherwisedisappearat coarserlevels of the multiresolution
hierarchy will remainatany level of detail.

² View DependentSubsetting: Thequeryresponsetimesfor fast
bitmapindicesarerelatively insensitive to thecomplexity of
the queryexpression.Therefore,if the cartesianlocationof
eachgrid point is encodedin theindices,queriescanembeda
regionof interest(or alist of ROIs)thatarewithin theviewing
coneof the projectionmatrix. This informationcanbe used

Figure 9: Various time factors of DEX pipeline for attribute x velocity.

to returnonly thecellsthatarecurrentlyin theviewport.

6 CONCL USI ONS

We have presentedDEX, an implementationof query-drivenvisu-
alization that leveragesstate-of-the-artdataindexing and search-
ing technologyfrom the scienti�c datamanagementcommunity.
Leveragingsuchtechnologyallowsusto bene�t from reducedcom-
putationalandstoragecomplexity whencomparedto previouswork
in bothquery-drivenvisualizationaswell asisosurfaceacceleration
algorithms.Thebasisfor comparisonwastwo primaryprocessing
regimes: index constructionand dataquery. For the index con-
structionphase,our index constructionalgorithm hasO(n) com-
plexity, andrequiresO(n) storage.In contrast,previous methods
from span-spaceacceleratedisosurfacing requireO(nlogn) stor-
ageandcomputationalcomplexity. For the searchphase,FastBit
wasshown to have O(k) complexity, wherek is thenumberof data
cellsreturnedfrom asearchof n dataitems.Thebenchmarkresults
show that our datasearchalgorithmperforms,on the averageand
for the datasetwe tested,from 137%to 392%fasterthanVTK' s
AcceleratedMarchingCubesalgorithm,which usesa span-space
techniqueto acceleratedataqueries.Beyondtheperformanceben-
e�ts, our approachis capableof performingarbitrarily complex,
multivariateandmultidimensionalrangequeriesin O(k) time. This
new capability is beyond the scopeof what is possiblewith tree-
basedmethods,andhasbeenshown to be applicablein other re-
searchto challengingdataanalysisproblemsin the High Energy
Physicscommunity. The DEX implementationis structuredso as
to demonstratehow modularizingthepipelineprocessingstages–
index construction,index searching,visualization,andrendering–
resultsin a �e xible architecturein which state-of-the-artscienti�c
datamanagementtechnologycanbe effectively appliedto a large
numberof dataanalysisandvisualizationproblems.
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